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Introduction
The idea that financial analysts play an important role in financial markets is rather consensual (Cowles, 1933; O'Brien, 1990 ). Yet there is some debate on whether following the advice of analysts brings value to investors after transaction costs (Womack, 1996; Mikhail, Walther, and Willis, 2004; Li, 2005) . Related to this is the difficulty in identifying the analysts with superior stock picking skills. In this paper, we show that the rankings of financial analysts are useful to investors because strategies based upon these rankings yield positive abnormal returns.
In recent years, some institutions have been very active in publishing and selling rankings of financial analysts. Some rankings are based on privately held surveys of buy-side analysts (e.g., the Institutional Investor's rankings of the All- ). In any of these cases, the rankings aim at identifying the top analysts. However, aside from personal acknowledgment among peers, it is still arguable whether these are useful to investors (Desai, Liang, and Singh, 2000) or are merely "popularity contests" (Emery and Li, 2009 ).
We show that the top ranked analysts have stock picking skills. The contributions of our research is fourfold. First, we develop a trading strategy that transforms the rankings of financial analysts into inputs for the Black-Litterman model (Black and Litterman, 1992) . Second, we show that annualized cumulative returns generated by some trading strategies based upon analysts' rankings outperform a passive strategy (e.g., buy-and-hold the general stock market index). Third, we show that the strategy based upon the perfect foresight of rankings yields the highest cumulative annualized return. Fourth, we find that investors are better off following analysts that issue the most accurate target prices, rather than those that issue the most accurate EPS forecasts.
The paper is organized as follows: Section 2 provides motivation to use rankings of financial analysts; Section 3 outlines our proposed trading strategies; Section 4 describes the sample and presents some preliminary results; Section 5 presents and discusses the results; and Section 6 concludes.
Industry Rankings of Financial Analysts
In the financial literature there has been a long debate on whether financial analysts produce valuable advice. Some argue that following the advice of financial analysts, translated as recommendations of buying, holding, or selling a particular stock, does not yield abnormal returns, i.e., returns that are above the required return to compensate for risk. The Efficient Market Hypothesis (Fama, 1970) states that financial markets are efficient and that any public available information regarding a stock would be immediately reflected in prices; hence, it would be impossible to generate abnormal returns based upon past information.
Yet, several authors have since stressed that there are information-gathering costs and information is not immediately reflected on prices (Grossman and Stiglitz, 1980 (Womack, 1996; Barber, Lehavy, McNichols, and Trueman, 2001) 4 . Assuming that some analysts produce valuable advice it makes sense to rank analysts based on the accuracy of their recommendations.
StarMine rankings are based on financial analysts' accuracy either on TP or EPS forecasts. To rank analysts based on EPS forecasts, StarMine developed a proprietary metric called a Single-stock Estimating Score (SES). This score measures "... [a] relative accuracy; that is, analysts are compared against their peers. An analyst's SES can range from 0 to 100, with 50 representing the average analyst. To get a score higher than 50, an analyst must make estimates that are both significantly different from and more accurate than other analysts' estimates" 5 .
As for target price ranking, StarMine's methodology compares the portfolios based on analysts recommendations. Portfolios are constructed as follows. For each "Buy" recommendation, the portfolio is one unit long the stock and simultaneously one unit short the benchmark. "Strong buy" gets a larger investment of two units long the stock and two units short the benchmark. "Hold" invests one unit in the benchmark (i.e., an excess return of zero). "Sell" recommendations work in the reverse way. StarMine re-balances its calculations at the end of each month to adjust for analysts revisions (adding, dropping or altering a rating), and 4 Womack (1996) finds that post-recommendation excess returns are not mean-reverting, but are significant and in the direction forecast by the analysts. Barber et al. (2001) finds that over the period of 1986-1996 a portfolio of stocks with the most (least) favorable consensus analyst recommendations yields an average abnormal return of 4.13 (-4.91)%.
5 http://excellence.thomsonreuters.com/award/starmine?award= Analyst+Awards&award_group=Overall+Analyst+Awards 5 when a stock enters or exits an industry grouping.
Recent evidence suggests that top ranked financial analyst affect market participants: prices seem to react more to the recommendations issued by the top-ranked analysts (Emery and Li, 2009 ). As such, StarMine ranking based models can be used to identify such analysts and generate superior estimates (e.g., SmartEstimates 6 ).
The goal of our study is to evaluate if and how rankings add value to investors.
With this purpose, we develop several sets of active trading strategies, selecting the stocks most favored by analysts. The first strategy is based on the consensus estimate (giving equal weights to analysts' recommendations). The second set of strategies takes in consideration the analysts' target price and EPS accuracy ranks to form "smart estimates". For the latter set of strategies, we analyse different time information sets to define the accuracy of the analysts.
We compare the performance of the strategies based upon two types of rankings (target price and EPS forecast accuracy). By doing this, we indirectly address the ongoing debate in the literature on whether analysts, when issuing the target price reports, rely on simple growth-based models or use more complex models (such as the residual income model of Ohlson (1995) A further major development in the theoretical accounting literature on equity valuation models is the abnormal earnings growth (AEG) model of Ohlson and Juettner-Nauroth (2005) , which 6 3 Trading Strategies Our trading strategy uses the framework for active portfolio management proposed by Black and Litterman (1992) . The model incorporates "views" in a CAPM framework, forming optimal portfolios in a mean-variance optimization setting. "Views" are expectations on individual stocks' future performance.
While in the CAPM model expected returns are a function of systematic risk, in the BL model some stocks can be over-or under-priced and, therefore, their alphas are non-zero. The model blends the subjective views of investors about future performance of a stock with the market implicit returns given by CAPM. Chen, Da, and Schaumburg (2015) apply the BL model and use the consensus expected returns as a proxy for views. They report that the resulting strategy outperforms a passive buy-and-hold strategy. Our approach is similar to theirs but we define views not only based on consensus estimates but also on smart estimates that account for previous analysts' TP and EPS accuracy.
Here below we kept the notation in Black and Litterman (1992) . Q is the vector of expected returns for the eligible stocks; Ω matrix is the confidence of Q.
Altogether these two reflect the views of a particular analyst or a set of analysts.
To proxy expected returns we compare the analyst' 12-month target price (TP) with today's stock price. Confidence Ω for stock is based on variation of forecasts across analysts which is similar to the measure of dispersion in analysts' opinions outlined in Diether, Malloy, and Scherbina (2002) .
We define a trading strategy as follows (Figure 1 ):
1. At the beginning of quarter t for each stock i, we define Q and Ω (see relates share price to the level of expected earnings per share. Section 3.1 and Section 3.2); 2. Using the market price information available at the last day of quarter t − 1, we obtain the market implicit returns for each stock i, and the variance/covariance matrix; 3. We apply the BL model to get optimal portfolio weights on the basis of combining views and implicit returns. We buy or sell stocks accordingly.
At the beginning of t + 1, based on the new views, we set the new portfolio weights following steps 1-3.
Defining Q
For the consensus strategy, we use median of expected returns for a particular stock i:
where r j,i = T P j,i /P i − 1 is last known analyst's j expected return computed using the analyst price target T P j,i and stock price P i 8 .
For the strategies that weight the analysts' estimates of expected return the weight of each analyst j is based on his/her rank such that the top analyst has the weight of 1 and then the weights diminish as the rank increases.
Consistent with the literature, we use stock price 3 days ex-ante the TP announcement. This is done to avoid any information leakage around new TP announcement day (Bonini, Zanetti, Bianchini, and Salvi, 2010) 8
The expected rank-weighted return is thus:
N is the number of analysts.
As mentioned above, we use both target price and EPS accuracy rankings.
Target Price ranking
Analysts are ranked on the basis of Proportional Mean Absolute Forecast Error (PMAFE) that measures the accuracy of a forecast (Clement, 1999; Brown, 2001; Ertimur, Sunder, and Sunder, 2007) . First, we define the forecast daily error F E j,i as the absolute value of the difference between analyst' target price T P j and the daily stock price P for each stock i:
The PMAFE is given as:
where F E
T P i
is the average forecasting error across analysts. The target price is fixed over the quarter unless it gets revised.
The rank that enters Equation (2) is average analyst's P M AF E T P over a 9 particular quarter:
rank j,i = rank
where D are the number of trading days in a quarter and N is the number of equity research firms with a valid TP. Figure 2 shows an example.
EPS ranking
To compute the EPS rankings, we apply the same procedure as above:
where ACT i and P RED j,i are the actual quarterly EPS and analyst j's EPS forecast for stock i.
Defining the confidence of expected returns Ω
The confidence of Q is given by the coefficient of variation (CV) of forecasting errors. For each stock i is given by:
where σ i and F E i are the standard deviation and the mean of the forecast errors across analysts for either TP or EPS. A low value of CV reflects consensual estimates of either future prices or EPS.
Information sets to define the views
To proceed with the trading strategy, we need to establish which information we will be using to build the rankings. These rankings will be the inputs to compute the weighted return estimates ("smart estimates"). Different analysts' ranks are obtained if we select different time horizons. If we use only the most recent information, we will capture the recent performance of the analysts. This, of course, is more sensitive to unique episodes (e.g., a quarter which has been surprisingly good or bad). If, alternatively, we opt to incorporate the entire analyst performance, the ranking is less affected by such events, yet it may not reflect the current analyst ability. We use two information sets: the first uses only the information about the analyst' performance in period t − 1; the second, uses all the available information for that particular analyst. We call the former the recent set and the latter the all-time set.
In addition to these sets, we also create a hypothetical scenario that assumes we anticipate perfectly the future analyst accuracy performance that would only be available at the end of t. This represents the perfect foresight strategy. The perfect foresight refers to analyst rankings not stock prices. Therefore, it serves a performance reference point to evaluate the other trading strategies. We call this the true set.
Formalizing information sets considered are:
• the true set
• the recent set
• the all-time set
where Q t is the analysts' expected rank-weighted stock return (Equation (3)) keep their TP forecasts valid for one calendar year unless it is revised. After one year we assume that TP recommendation expires.
Consistent with other studies on analysts' expected returns that work with price targets (Bradshaw, 2002; Brav and Lehavy, 2003; Da and Schaumburg, 2011) , we truncate the sample of T P/P − 1 at the 5 . To implement ranking, we require that a stock had at least three equity research firms per quarter and that a equity research firm has to be active in covering a particular stock for at least 3 years (12 quarters).
After all the data requirements, our final sample number of equity research firms issued target prices is 158 covering 448 S&P500 stocks. Overall, the number of observations (Stock × ERF × Quarter) is reduced from 131 068 (initial) to 100 974 (filtered).
In the case of EPS forecasts, the initial file of quarterly EPS forecast consists of 560 ERFs covering 3517 stocks. Considering the ranking data requirement, our final sample of EPS forecasts consist of 157 ERFs covering 402 S&P500 stocks.
The total number of observation is 80 185.
Given that we have two different ranking datasets (based on TP and EPS), we, further, consider S&P500 stocks that are part of both datasets. We call this sample of stocks as the same and the full sample of S&P500 stocks as the all. We found some differences between the DataStream and I/B/E/S the databases. In some cases the stock-splits and the dividends were not properly adjusted.
period (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) , we report that each stock in the same and the all stock sets had on average of 6.915 and 6.71, respectively, quarterly target price reports. Panel B presents similar statistics of the number of EPS forecasts. The average number of quarterly forecasts for the same and the all is 6.563 and 6.571, respectively.
We apply the ranking procedure outline in Section 3.1 to the two datasets. For target price rankings, we use the average daily errors within one quarter as the measure of analysts' forecasting ability (Equation (5)). Table 2 and Figure 2 illustrate an example illustrate how we estimate the PMAFE. Four analysts had valid target prices for Amazon for second quarter of 1999. We plot the daily Amazon price against the ERFs' target prices. Table 2 shows the resulting TP and EPS rankings. On the bases of the average daily errors, LEGG is the most accurate in forecasting stock price and DLJ is the least accurate. For the EPS case (panel B), PACCREST is the most accurate in EPS forecasting and RBRTSON is the least.
Ranking contingency results
We consider three terciles (top, medium, bottom). In one particular quarter (t), we place analysts at one of these bins which corresponds to a tercile. We, then, check analysts position at the immediate next quarter (t + 1) and after one year (t + 4).
Beforehand, we convert the rankings into scores as follows:
To get the cross-sectional values of scores across different stocks, we take the average of score j,i
where k is number of stocks followed by a particular analyst j. These results are consistent with the recent findings of Hilary and Hsu (2013) on analyst forecast consistency. Table 4 presents the descriptive statistics of the analysts' expected returns conditional on the different information sets.
Views: descriptive statistics
The expected returns are computed comparing TP estimates with actual prices.
To form the smart strategies we compute rank-weighted estimates where weights are given either by the TP or the EPS ranks.
Bradshaw ( Table 4 show the statistics for the consensus expectations as defined in Equation (1). As mentioned above in Section 3.3, the consensus views have equal weights among the analysts, regardless of their ranks; thus, for the case of true, recent, and all-time, the median is the same regardless of knowing or not the present or past rankings (Q cons in Equation (1)). As such, the mean, median, and standard deviation in the true, recent, and all-time information sets are the same.
For the sample of all stocks the mean expected return is 18.61%. However, since views also include the confidence (Equation (11)), which is based on analysts past performance, the results of the trading strategy based on consensus expectations will be different for the recent and all-time information sets.
Panel B of the table shows the TP accuracy weighted average expected returns.
For the sample of all stocks the weighted average returns for true, recent, and alltime information sets are respectively 14.876%, 15.742%, and 12.459%.
Panel C shows the EPS based weighted expected return. The average return for the true, recent, and all-time information sets are respectively 14.689%, 14.884%, and 12.843%.
The statistics for the subsample of stocks that integrate both the TP of the EPS samples are similar.
Overall compared to the consensus the ranked weighted expected returns ("smart estimates") are less optimistic. The all-time information set shows the lowest values of expected returns among all information sets. For the different stock sets, the same sample of stocks has higher values of expected returns compared to the all stocks. Table Table 5 shows the number of active stocks for each of the trading strategies (CONS, TP, and EPS) conditional on considered information sets.
Empirical Results
We report the results from different trading strategies in Table Table 6 . We split the table into four panels. Panel A shows the performance for the passive (market) strategy Market. Panels B to D compare the consensus , the TP rank weighted and the EPS rank weighted trading strategies for each of the information availability sets.
Passive strategy
The passive strategy generates an annualized cumulative return of −3.032% with a Sharpe Ratio of −0.182 over the period 1999-2001. The average number of stocks held per quarter was 499.975 and the turnover ratio was 0.053, which reflects solely the inclusion and deletions of the S&P 500 constituent list.
Perfect foresight strategy
Panel B presents the results for the case of the true information set. The annualized cumulative returns for each of the active strategies (TP and EPS) are, respectively, for the all stock sample: 4.325% and 0.574%. For the same sample of stocks these are respectively 4.549% and 0.719%. The two smart strategies outperform the passive benchmark (−3.032%). The consensus strategy annualized returns for the all and the same sample of stocks are respectively 0.116% and 0.434%
The results show, as expected, that investors would better off if they knew in advance who the top analysts in terms of TP or EPS accuracy would be. In any case, the results suggest that the advice of analysts, as a group, are valuable.
The TP ranking strategy dominates also when we look at the risk-adjusted returns. The Sharpe Ratio for the all (same) stock sample is 0.294 against 0.037, 0.007, and −0.182, respectively for the EPS, CONS and the Market strategies. In addition, the TP strategy dominates the others if we consider the shorter trading periods (5 years). Table 7 shows the Sharpe Ratio for six 5-year holding periods.
The TP strategy wins over the others in every period. The results for the subsample of stocks that integrate both the TP of the EPS datasets are similar.
While this is an hypothetical setting, given that it is not possible to know in advance which analyst will rank first, it suggests that if we can predict the rankings with some accuracy this will be a useful investment trading tool. One of the possibilities is using methods developed in the Machine Learning literature (e.g., Aiguzhinov, Soares, and Serra (2010); Brazdil, Soares, and Costa (2003) ), where this type of problem (referred as a label ranking problem) has been broadly studied. For example, Aiguzhinov et al. (2010) propose a label ranking algorithm using Bayesian approach to predict the rankings.
Feasible strategies
Panel C of Table 6 shows the performance of the different smart strategies and the consensus strategy in the recent information set. We report the results of forming portfolios with the available stocks within each dataset (all) and the subsample of stocks that include both the TP or the EPS datasets (same).
The TP and CONS active strategies outperform the Market (−3.032%) and show positive cumulative annualized returns for the all (same) sample of stocks of 0.282% (0.621%) and 0.116% (0.434%) respectively. The active strategy based on EPS forecasts, has negative annualized cumulative returns of −0.303% and −0.349% for the all and the same samples respectively.
The risk-adjusted results for this information set shows that, as in the case with the true, the dominant trading strategy is the TP strategy regardless of forming portfolios with all stocks or with the same subsample. The results in panel B of Table 7 show as well that this strategy outperforms the others for all of the shorter trading periods.
Panel D of Table 6 shows interesting and slightly different findings. On one hand, when all the analyst forecast performance track record is included to set the rankings, we observe an increase in annualized cumulative returns and riskadjusted returns for the smart strategies. Particularly in the case of the EPS strategy, the results suggest that strategies that weight the estimates with accuracy rankings obtained using more information show better performance: when we consider the all sample of stocks, the strategy based on the accuracy of EPS forecasts outperforms the other strategies (annualized cumulative returns of 0.746%, 0.689%, 0.314%, respectively for the EPS, TP, and CONS). The TP strategy dominates when we consider the subsample of stocks that are included in both the TP and EPS datasets (0.717%, 1.056%, 0.686% respectively for the EPS, TP and CONS strategies) but the returns and risk-adjusted improve as well when compared to the figures in Panel C.
The analysis of the sub-periods performance of the TP and EPS -based strategies depicted in Table 7 shows that the latter outperforms the former in terms of the annualized cumulative return only for the first two periods: in 2000Q1/2004Q4 3.501% vs. 3.133% in 2001Q1/2005Q4 3.954% vs. 3.727% respectively for the EPS and the TP strategies. For the all the other sup-periods, the annualized cumulative returns of the EPS strategy are lower than those of the TP strategy. Table 8 shows the sub-period results when we consider only the sample of stocks that integrates the TP and EPS dataset. In this setting (same), the TP strategy dominates the EPS and CONS strategies in every sub-period.
To further investigate the prevailance of the strategies based on smart estimates as opposed to consensus (and Market), we perform a pairwise hypothesis test with null-hypothesis stating that the difference between the annualized cumulative returns based on smart estimate strategies and those of the consensus strategy (and Market) is equal to zero. Table 9 presents t-statistic and the corresponding p-values of this test. Panel A shows the results for the case of "All vs. Market".
We report that all active strategies resulted in the statisitcally significant (at 1% level) prevailance over the Market for different information sets (true, recent, and all-time) as well as different stock sets (all and same).
Panel B of the table presents the t-statistic for the case of "All vs. CONS".
Given the results, we reject the null-hypothesis in all of the experiment instances (informations sets and stock sets). In terms of the positive gains, the TP strategy demonstrated a statistically significant positive performance over the consensus in all information sets and for both stock sets. On the other hand, the EPS strategy resulted in the statistically significant negative performance over the CONS strategy except for the case of all-time information and all stocks. The results of the test confirms that the strategy based on the rankings of the analysts who issue more accurate target prices outperforms, in terms of the annualized cumulative returns, the strategy based on the consensus among analysts regarding stock target prices. In sum the results of the feasible information sets outlined above suggest that it is worthwhile to follow the analysts, particularly the top ranked analysts, and are supportive of Desai et al. (2000) in that smart strategies based upon analyst accuracy rankings are beneficial for investors.
Further the results show that the values of the annualized cumulative returns are higher in the all-time information set when compared with those yield by the strategies that use only the most recent ranking information set. This seems to suggest that investors should estimate analysts forecasting skills over a long period of time rather than focusing on the most recent analyst accuracy performance.
Finally, the results suggest that, from an investor's point of view, following analysts who are accurate in setting price targets is more valuable than following those that are good at forecasting EPS. This result contradicts the findings of Bradshaw (2004) and supports the argument of Simon and Curtis (2011) that stock recommendations of the most accurate analysts are not based upon simple valuation models.
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Conclusions
Some institutions, such as StarMine (ThomsonReuters), rank financial analysts based on EPS and target price accuracy. These rankings are published and are relevant: stocks favored by top ranked analysts will probably receive more attention from investors. Therefore, there is a growing interest in understanding the relative performance of strategies based upon analysts with different forecast accuracy.
We use the Black-Litterman model. The views are TP or EPS rank-weighted means of analysts forecasted returns. We developed simulations of trading strategies using different information sets to compute the ranks. If we consider that only the information known prior to time t is used to obtain the ranks, investors would be better off following the strategy that weights more heavily the estimates issued by the most accurate TP forecast analysts and considering the whole performance tracking record of the of the analysts.
For future work we will developed new methods to forecast analysts rankings so as to get closer to the upper bound of perfect foresight of rankings. We apply (Equation (7)) to obtain the ranks of the ERFs. TP are target prices; P M AF E T P is the daily average proportional mean adjusted TP error. For the EPS case, P RED are the EPS forecasts issued by the analysts; P M AF E EP S is the proportional meanadjusted forecast error of quarterly EPS forecasts.
Panel A: TP ERF/Analyst TP P M AF E Quarterly performance of the cumulative portfolio wealth for all strategies. Panel true shows the case of the known future information; recent is the case of ranking information know at t − 1, and the all-time is the case of using all ranking information for up to t − 1. TP is the strategy with rankings based on the accuracy in target prices, CONS is the strategy based on the consensus among the analysts regarding a stock's expected return. EPS is the strategy with rankings based on the accuracy of EPS forecasts. Stocks in the all sample are subsamples of the S&P 500, stocks in the same sample integrate both the EPS and TP datasets. The trading period ranges from 2000Q1 until 2009Q4. 
